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Purpose: Ovarian cancer (OC) is one of the most common gynecological tumors, and liver metastases are the most common 
metastatic sites of OC. However, there is a lack of machine learning (ML) models that can predict the diagnosis and prognosis of liver 
metastases in OC patients. Therefore, this study aims to develop an effective predictive model.
Methods: This was a retrospective study based on the Surveillance, Epidemiology, and End Results (SEER) database. Patients with 
OC diagnosed from 2010 to 2020 were extracted from the SEER database. The dataset was partitioned into a training cohort (60%) and 
a validation cohort (40%). The primary endpoints of this study were the liver metastases at diagnosis in OC patients and the 12-, 36-, 
and 60-month overall survival (OS) of OC liver metastases patients. After feature selection via Boruta algorithm, 9 ML diagnostic 
models and 5 prognostic models were constructed. In the diagnostic model, area under the curve (AUC), accuracy, kappa, sensitivity, 
specificity, positive predictive value, negative predictive value evaluated model reliability. AUC and Brier score were used for 
prognostic models.
Results: Of 27,065 OC patients, 1053 had liver metastases at diagnosis. It was observed that histological type, T stage, grade, age, 
N stage, CA125, laterality, and race were associated with liver metastasis at diagnosis in OC patients. Histological type, chemotherapy, 
surgery, radiotherapy, lung metastasis, bone metastasis, age, tumor grade, and marital status were associated with OS in patients with 
OC liver metastasis. In the training cohort, KNN had the highest AUC value (0.863). In the validation cohort, Ridge had the highest 
AUC (0.758). Among the 9 diagnostic models, Ridge regression stands out the most, with AUC (0.758), sensitivity (0.929), and 
negative predictive value (0.994) were the highest. For 12-month OS, RSF model had highest AUC (0.876) in both training and 
validation groups. Among 5 prognostic models, RSF showed best comprehensive performance. The stage T was the most discrimi
native features for diagnosing liver metastasis. For OS at 12, 36, and 60 months, the most discriminative prognostic features were 
chemotherapy, histological type, and age, respectively. Surgery and chemotherapy were associated with improved OS.
Conclusion: The Ridge regression and RSF had favorable predictive performance in the diagnostic and prognostic models, 
respectively, compared with the other tested models; this may further help clinicians identify patients with liver metastasis at the 
time of OC diagnosis and select appropriate treatment options.
Keywords: ovarian cancer, liver metastases, machine learning, diagnosis, prognosis

Introduction
Ovarian cancer (OC) is the third most common malignant tumor of the female reproductive system. It is reported that in 
2022, a total of 324,398 new cases of OC were diagnosed globally, and 206,839 deaths were attributed to OC.1 With the 
advancement of medical science and technology, the survival rate of OC patients has significantly increased, the number 
of OC patients with metastasis is also on the rise.2 The common metastatic routes of OC include hematogenous 
metastasis, lymphatic metastasis, seeding metastasis and direct invasion.3 More than two-thirds of OC patients have 
distant metastases at the time of diagnosis.4 It is well known that the liver is the most common site of distant metastasis 
of OC, and nearly 57% of distant metastases are liver metastases.5 Patients with liver metastatic OC at diagnosis have 
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a poorer prognosis, with a median survival time of only 30 months in this population.6 In addition, liver-related events 
caused by liver metastasis, such as liver failure, have a significant negative impact on the prognosis of OC patients.7 

Therefore, identifying the presence of liver metastasis at the time of OC diagnosis, and predicting the subsequent survival 
of those patients, is of great clinical importance. The Tumor, Node, Metastasis (TNM) staging system and the 
pathological classification have always been regarded as the prognostic assessment systems for liver metastases of 
OC.8–12 However, these systems lack sufficient basic demographic information and have limited variable inclusion. Some 
studies have found that age, race, and treatment are all predictive factors for liver metastases of ovarian cancer.10 This 
study aims to develop a more accurate clinical model that includes as many variables as possible.

In terms of model development, the nomogram is currently the most commonly used predictive model for liver 
metastases of OC, but its overall predictive performance is not high [area under the curve (AUC)=0.764].13 With its 
powerful advantages of handling massive amounts of data and achieving high-precision predictions, Machine Learning 
(ML) is being increasingly widely applied in the medical field.14,15 In this retrospective study, we extracted demographic, 
pathological, and survival information of OC patients from the Surveillance, Epidemiology, and End Results (SEER) 
database. By comparing the performance of multiple ML models, we aimed to build a reliable model for (1) diagnosing 
the presence of liver metastasis at the time of initial diagnosis, and (2) predicting overall survival among OC patients 
with liver metastasis. The results are intended to provide targeted references for the treatment of OC patients with liver 
metastasis.

Materials and Methods
Study Population
This retrospective study used data from the SEER database. The SEER database, established by the National Cancer 
Institute (NCI) in 1973, is one of the most representative large-scale tumor registry databases in North America, 
collecting a large amount of data related to evidence-based medicine and providing systematic evidence support and 
invaluable first-hand information for clinicians’ evidence-based practice and collects a large amount of data related to 
evidence-based medicine, which provides systematic evidence support and valuable first-hand information for clinicians’ 
evidence-based practice and clinical research. In this study, SEER*Stat software was used to identify patients diagnosed 
with OC from the SEER database 2010–2020.

The study population needed to meet the following inclusion criteria: (1) diagnosed with OC (C56.9) according to the 
International Classification of Diseases for Oncology, 3rd Edition (ICD-O-3); (2) the age at diagnosis was between 18 
and 75 years old; (3) having complete clinical, pathological and follow-up data (such as liver metastasis status, survival 
time). The exclusion criteria included: (1) patients with missing information on the degree of tumor differentiation; (2) 
insufficient follow-up time (<1 month), (3) unknown AJCC T and N stages, and AJCC T0 stage. Finally, a total of 27,065 
participants were included in this study. The process of selecting participants was shown in Figure 1. Ethical approval 
and the requirement for informed consent forms were waived in this study, as the data were accessed from SEER, 
a publicly available database.

Data Collection
The primary endpoints of this study were liver metastases in OC patients and the 12-, 36- and 60-month overall survival 
(OS) of OC patients with liver metastases. OS refers to the time from the diagnosis to death due to any cause. The 
following variables were extracted from the SEER database: age, race (black, white, other), marital status (married, 
single), laterality (only one side, bilateral), stage T (T1, T2, T3), stage N (N0, N1), grade (I, II, III, IV), histologic type 
(serous, endometrioid, clear cell, mucinous, other), cancer antigen-125 (CA-125) (negative, positive), surgery (no, yes), 
chemotherapy (no/unknown, yes), and radiotherapy (no/unknown, yes), bone metastasis (no, yes), brain metastasis (no, 
yes), lung metastasis (no, yes), liver metastasis (no, yes). Specifically, the variables included in the prediction of liver 
metastasis at diagnosis were limited to age, race, marital status, laterality, stage T, stage N, grade, histologic type, and 
CA-125; all variables were included in the prediction of OS.
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Feature Selection and Validation Strategy
In order to minimize the negative impacts of overfitting, we carried out feature selection to remove irrelevant or 
redundant invalid features. In this study, the Boruta algorithm was adopted to systematically evaluate the importance 
of features. Variables with P<0.01 were ultimately included in the prediction and diagnostic models.

The overall dataset collected from the SEER database was randomly divided into two cohorts, namely the training 
cohort and the validation cohort, at a ratio of 6:4. In the diagnostic model, indicators such as accuracy, kappa, sensitivity, 
specificity, positive predictive value, negative predictive value and AUC were used to evaluate the reliability of the nine 
ML models. In the prognostic model, the AUC and Brier score was applied to assess the reliability of the five ML 
models. After a comprehensive comparison of different ML models, we selected the model with the best predictive 
ability as the final predictive model. To further confirm the applicability of the selected model, we evaluated it in the 
validation cohort.

The importance of each feature was ranked through the Shapley Additive Explanation (SHAP) in diagnostic models. 
The feature importance was ranked through the Brier score in prognostic models.

ML Algorithms
R language (version 4.4.3) software is used to build machine learning prediction models.

Ridge regression is a biased estimation regression method specifically used for the analysis of collinear data. In 
essence, it is a modified least squares estimation method. By giving up the unbiasedness of the least squares method and 
at the cost of losing some information and reducing the accuracy, it obtains a regression method in which the regression 
coefficients are more in line with reality and more reliable.

Logistic regression is a generalized linear regression analysis model. In fact, it is mainly used to solve binary 
classification problems or multi-class classification problems. The model is trained with the given n sets of data (training 
cohort), and after the training is completed, it classifies the given one or more sets of data (validation cohort).

Figure 1 Flow chart of patient screening.
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The Neural Network (NN) is a mathematical or computational model that imitates the structure and function of 
a biological neural network (the central nervous system of animals, especially the brain). It is used to estimate or 
approximate functions and is mainly composed of an input layer, hidden layers, and an output layer.

Support Vector Machine (SVM) is a classic supervised learning algorithm used to solve binary and multi-class 
classification problems. Its core idea is to find an optimal hyperplane in the feature space for classification, with the 
maximum margin. SVM can perform linear or non-linear classification, regression, and even outlier detection tasks.

Light Gradient Boosting Machine (LightGBM) is a tree-based ensemble learning method that employs gradient 
boosting technology. It combines multiple weak learners into a powerful model. It is a gradient boosting machine 
algorithm used to solve classification and regression problems.

Decision Tree (DT) is a model that presents decision rules and classification results in a tree-shaped data structure. As 
an inductive learning algorithm, its focus is to transform seemingly disordered and chaotic known data into a tree-shaped 
model that can predict unknown data through certain technical means. Each path from the root node (the attribute that 
contributes the most to the final classification result) to the leaf node (the final classification result) represents a decision 
rule.

Random Forest (RF) is an ensemble learning algorithm based on multiple decision trees. It can be used not only for 
classification problems but also for regression problems. Randomness is introduced during the construction process of the 
RF, which helps to reduce overfitting.

Extreme Gradient Boosting (XGBoost) is a kind of composite algorithm formed by combining basis functions and 
weights, which has a good fitting effect on data. Different from traditional gradient boosting decision trees, XGBoost 
adds a regularization term to the loss function. And since some loss functions are difficult to calculate the derivative, 
XGBoost uses the second-order Taylor expansion of the loss function as the fitting of the loss function.

The K-Nearest Neighbor (KNN) algorithm can be used for both classification and regression. KNN performs 
classification by measuring the distances between different feature values. For any n-dimensional input vector in the 
KNN algorithm, which corresponds to a point in the feature space, the output is the corresponding category label or 
predicted value of the feature vector.

The Cox Proportional Hazards (Coxph) is used to analyze the impact of covariates on survival time in survival data. 
Based on a semi-parametric method, this model does not require specific assumptions about the hazard function. Instead, 
it uses the hazard ratio (HR) to compare the risks among different covariate groups.

Lasso regression is mainly designed to address the problems that traditional linear regression encounters when dealing 
with high-dimensional data. In a high-dimensional space, traditional Ordinary Least Squares (OLS) regression may face 
issues such as difficulties in variable selection and model overfitting. By introducing a tuning parameter (λ), Lasso 
penalizes the absolute values of the coefficients, compelling some unimportant coefficient values to become zero.

Random Survival Forest (RSF) is a survival analysis method based on the random forest. It constructs a large number 
of survival trees and, in the form of voting, weighted elects the final prediction result from individual trees.

Statistical Analysis
R 4.4.3 software was used for data description and statistical analysis. Normally distributed quantitative data were shown 
as mean [standard deviation, (SD)] and analyzed by Student’s t- test. Non-normal quantitative data were presented as 
median (interquartile range, [IQR]) and analyzed by Mann–Whitney U-test. Categorical variables were described as 
frequency (%) and analyzed by chi-square test. The Boruta algorithm was used to screen important features. Variables 
with P<0.01 were included in the prediction and diagnostic models. To explore the impact of surgery, chemotherapy, and 
radiotherapy on OS in OC patients, age, histological type, grade, surgery (matched when analyzing chemotherapy and 
radiotherapy), radiotherapy (matched when analyzing chemotherapy and surgery), and chemotherapy (matched when 
analyzing radiotherapy and surgery) were subjected to propensity score matching (PSM), followed by Kaplan-Meier 
survival analysis. Difference was considered statistically significant when the P<0.05.
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Results
Population Features
A total of 27,065 OC patients were included in this study. Among them, 1,053 patients developed liver metastasis at 
diagnosis, and 26,012 patients did not liver metastasis at diagnosis. Table 1 showed the demographic and clinical 
characteristics of OC patients with and without liver metastasis at diagnosis. Compared with OC patients without liver 
metastasis at diagnosis, OC patients with liver metastasis at diagnosis were older (P<0.001), were more likely to be black 
(P=0.046), were more likely to be single marital status (P=0.031), had bilateral tumors (P<0.001), presented with a more 
advanced T stage (P<0.001), presented with a more advanced N stage (P<0.001), had a higher pathological grade 
(P<0.001), had more serous histology (P<0.001), had more CA125 positive (P<0.001).

Risk and Prognostic Factors for OC Liver Metastasis at Diagnosis
Feature selection was carried out using the Boruta algorithm, and the results were shown in Figure 2. It was observed that 
histological type, T stage, grade, age, N stage, CA125, laterality, and race were associated with liver metastasis at 
diagnosis in OC patients. In the meantime, histological type, chemotherapy, surgery, radiotherapy, lung metastasis, bone 
metastasis, age, grade and marital status with OS in OC liver metastasis patients.

Table 1 Demographic and Clinicopathological Characteristics of All Included Patients

Variables Overall (n=27065) Non-Liver Metastasis (n=26012) Liver Metastasis (n=1053) P value

Age, year, Mean±SD 56.58±11.73 56.49±11.75 58.86±10.96 <0.001

Race, n (%) 0.046
Black 1959(7.24) 1865(7.17) 94(8.93)

White 21870(80.81) 21,022(80.82) 848(80.53)

Other 3236(11.96) 3125(12.01) 111(10.54)
Marital status, n (%) 0.031

Married 15610(57.68) 15,037(57.81) 573(54.42)

Single 11455(42.32) 10,975(42.19) 480(45.58)
Laterality, n (%) <0.001

Only one side 16858(62.29) 16,424(63.14) 434(41.22)

Bilateral 10207(37.71) 9588(36.86) 619(58.78)
Stage T, n (%) <0.001

T1 9378(34.65) 9336(35.89) 42(3.99)
T2 4044(14.94) 3970(15.26) 74(7.03)

T3 13643(50.41) 12,706(48.85) 937(88.98)

Stage N, n (%) <0.001
N0 21103(77.97) 20,524(78.90) 579(54.99)

N1 5962(22.03) 5488(21.10) 474(45.01)

Grade, n (%) <0.001
I 4109(15.18) 4072(15.65) 37(3.51)

II 4413(16.31) 4334(16.66) 79(7.50)

III 9105(33.64) 8639(33.21) 466(44.25)
IV 9438(34.87) 8967(34.47) 471(44.73)

Histologic type, n (%) <0.001

Serous 14531(53.69) 13,799(53.05) 732(69.52)
Endometrioid 4164(15.39) 4120(15.84) 44(4.18)

Clear cell 1706(6.30) 1676(6.44) 30(2.85)

Mucinous 1950(7.20) 1927(7.41) 23(2.18)
Other 4714(17.42) 4490(17.26) 224(21.27)

CA125, n (%) <0.001

Negative 5600(20.69) 5565(21.39) 35(3.32)
Positive 21465(79.31) 20,447(78.61) 1018(96.68)

Abbreviations: CA125, cancer antigen 125; SD, standard deviation.
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Predictive Performance of the ML Models for Diagnosis and Prognosis
Diagnosis Model
Figure 3 showed the receiver operating characteristic (ROC) curves of nine ML models used for predicting the training 
cohort and the validation cohort. In the training cohort, the AUC value of KNN was the highest, which was 0.863 
(Table 2). In the validation cohort, the AUC value of Ridge was the highest, reaching 0.758 (Table 3). However, given 
the uneven distribution of positive and negative events in the dataset, the AUC alone is insufficient to explain the 
performance of the model. Therefore, accuracy, kappa, sensitivity, specificity, positive predictive value, and negative 
predictive value were adopted to make up for the deficiencies of the ROC curve, so as to further evaluate the advantages 
and disadvantages of the model. Among the 9 ML models, Ridge regression showed comparatively favorable 

Figure 2 Feature Importance by Boruta. (A) Diagnostic mode. (B) Prognostic model. Green boxplots represent features with high importance that passed statistical 
significance testing. Red boxplots indicate low-importance features that failed to meet statistical significance. Blue boxplots represent shadow features.

Figure 3 The ROC curves of diagnostic models based on machine learning. (A) Training cohort. (B) Validation cohort. 
Abbreviation: ROC, receiver operating characteristic.
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comprehensive performance. In the validation cohort set, the AUC (0.758), sensitivity (0.929), and negative predictive 
value (0.994) were the highest (Table 3).

Prognostic Model
Five ML algorithms, namely Coxph, LightGBM, Lasso, RSF, and XGBoost, were used for survival analysis. Those 
models evaluated through AUC and Brier score. Among five models, RSF showed the best comprehensive performance. 
The ROC curves of five ML models in the training cohort and the validation cohort at 12-months OS, 36 months OS, and 
60 months OS, were shown in Table 4. At the 12-month OS, the AUC of the RSF model in the training cohort was the 
highest, reaching 0.876, and similar results were found in the validation cohort. At the 36-month OS, the AUC value of 
the XGBoost model in the training cohort was the highest, reaching 0.814, and the highest AUC value of the RSF model 
in the validation cohort was 0.720. At the 60-month OS, the AUC value of the XGBoost model in the training cohort was 
the highest, reaching 0.827, and the highest AUC value of the Coxph model in the validation cohort was 0.689 (Figure 4 
and Table 4). Overall, the AUC values of most models generally showed a decrease over time, both in the training cohort 
and the validation cohort (Figure 5) and Table 5 showed the results of the Brier score. Regardless of whether it was at 12- 
month OS, 36-month OS or 60-month OS, the Brier score of the XGBoost in the training cohort was the lowest, which 
were 0.095, 0.173 and 0.154 respectively. In the validation cohort, the Brier score of the RSF was the lowest, which were 
0.124, 0.215 and 0.187 respectively. In terms of the trend, the Brier scores of each model first increase and then decrease 
over time (Figure 6).

Table 2 Performance Metrics of Machine Learning Algorithms in Diagnosis Model on the Training Cohort

Model Accuracy Kappa Sensitivity Specificity Positive Predictive Value Negative Predictive Value AUC

Logistic 0.702 0.405 0.901 0.506 0.643 0.837 0.754
DT 0.732 0.466 0.888 0.579 0.676 0.839 0.778

RF 0.757 0.515 0.857 0.659 0.713 0.823 0.811

KNN 0.776 0.552 0.866 0.686 0.732 0.838 0.863
NN 0.710 0.422 0.945 0.478 0.641 0.898 0.761

Xgboost 0.736 0.473 0.860 0.613 0.687 0.816 0.809

SVM 0.696 0.394 0.905 0.490 0.637 0.839 0.734
Lightgbm 0.752 0.504 0.895 0.610 0.694 0.855 0.829

Ridge 0.702 0.406 0.884 0.523 0.647 0.820 0.746

Abbreviations: RF, Random Forest; KNN, K-Nearest Neighbors; LightGBM, Light Gradient Boosting Machine; XGBoost, Extreme Gradient Boosting; DT, 
Decision Tree; NN, Neural Network; SVM, Support Vector Machine; AUC, area under the curve.

Table 3 Performance Metrics of Machine Learning Algorithms in Diagnosis Model on the Validation Cohort

Model Accuracy Kappa Sensitivity Specificity Positive Predictive Value Negative Predictive Value AUC

Logistic 0.582 0.070 0.850 0.571 0.074 0.990 0.753

DT 0.518 0.057 0.888 0.503 0.067 0.991 0.727
RF 0.504 0.059 0.926 0.487 0.068 0.994 0.724

KNN 0.440 0.039 0.886 0.421 0.058 0.989 0.690
NN 0.515 0.058 0.895 0.500 0.068 0.992 0.731

Xgboost 0.536 0.060 0.874 0.522 0.069 0.990 0.739

SVM 0.521 0.062 0.914 0.505 0.070 0.993 0.750
Lightgbm 0.468 0.050 0.929 0.449 0.064 0.994 0.736

Ridge 0.517 0.062 0.929 0.501 0.070 0.994 0.758

Abbreviations: RF, Random Forest; KNN, K-Nearest Neighbors; LightGBM, Light Gradient Boosting Machine; XGBoost, Extreme Gradient Boosting; DT, 
Decision Tree; NN, Neural Network; SVM, Support Vector Machine; AUC, area under the curve.
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Feature Importance in the Machine Learning Models
The Ridge regression with favorable performance was selected for the subsequent SHAP importance analysis. As can be 
seen from Figure 7A, among those factors, the stage T was the most discriminative features for diagnosing liver 
metastasis at diagnosis, followed by histological type, stage N, and grade. Considering the performance of AUC and 
Brier score in both the training cohort and the validation cohort, the RSF model showed the best comprehensive 
performance. As shown in Figure 7B, for the OS at 12 months, chemotherapy was the most discriminative feature for 
prognosis, followed by histological type, surgery and age. For the OS at 36 months, histological type was the most 
discriminative feature for prognosis, followed by chemotherapy, surgery and age. For the OS at 60 months, age was the 
most discriminative feature for prognosis, followed by histological type, grade and surgery.

Table 4 Time-Dependent Area Under Curve of Machine Learning-Based 
Survival Models

Model Times (Months) Train Cohort Validation Cohort

AUC 95% CI AUC 95% CI

Coxph 12 0.830 0.788–0.871 0.804 0.747–0.861
36 0.746 0.705–0.786 0.707 0.655–0.759

60 0.717 0.670–0.765 0.689 0.626–0.751

LightGBM 12 0.831 0.791–0.871 0.819 0.770–0.869
36 0.749 0.709–0.790 0.717 0.665–0.769

60 0.731 0.684–0.778 0.675 0.612–0.739

Lasso 12 0.824 0.782–0.866 0.830 0.780–0.880
36 0.741 0.700–0.782 0.726 0.675–0.777

60 0.720 0.673–0.768 0.680 0.617–0.742

RSF 12 0.876 0.843–0.909 0.832 0.782–0.882
36 0.797 0.760–0.833 0.720 0.668–0.772

60 0.806 0.764–0.848 0.679 0.613–0.746

XGBoost 12 0.861 0.821–0.900 0.789 0.737–0.842
36 0.814 0.779–0.848 0.687 0.633–0.740

60 0.827 0.789–0.865 0.665 0.006–0.730

Abbreviations: AUC, area under the curve; CI, confidence interval; Coxph, Cox Proportional 
Hazards; LightGBM, Light Gradient Boosting Machine; RSF, Random Survival Forests; XGBoost, 
eXtreme Gradient Boosting.

Figure 4 The time- dependent ROC curves of prognostic models based on machine learning in the validation cohort. (A) 12-month OS, (B) 36-month OS, (C) 60-month 
OS. 
Abbreviations: ROC, receiver operating characteristic, OS, overall survival.
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Survival Analysis
The results of PSM were shown in Table 6–8. As depicted in Figure 8, compared with patients who did not receive 
surgery, those who underwent surgery had a significantly higher survival probability (P<0.0001). Similarly, chemother
apy recipients had a higher survival probability than those who did not receive chemotherapy (P<0.0001). However, 
patients who did not receive radiotherapy had a higher survival probability.

Discussion
In this study, multiple ML models were used based on the SEER database to establish diagnostic models and prognostic 
models for liver metastasis at diagnosis of OC patients and the importance of features in the models was explained. This 

Figure 5 The time-dependent AUC of prognostic models based on machine learning. (A) Training cohort. (B) Validation cohort. 
Abbreviation: AUC, area under the curve.

Table 5 Time-Dependent Brier Score of Machine Learning-Based Survival 
Model

Model Times (months) Train Cohort Validation Cohort

Brier 95% CI Brier 95% CI

Coxph 12 0.121 0.104–0.137 0.131 0.110–0.151
36 0.202 0.189–0.214 0.221 0.203–0.239

60 0.183 0.167–0.200 0.189 0.168–0.211

LightGBM 12 0.158 0.137–0.179 0.174 0.147–0.200
36 0.245 0.236–0.254 0.249 0.238–0.259

60 0.211 0.204–0.217 0.214 0.206–0.222

Lasso 12 0.130 0.115–0.146 0.140 0.120–0.159
36 0.209 0.199–0.218 0.220 0.206–0.233

60 0.186 0.170–0.201 0.192 0.171–0.213

RSF 12 0.109 0.094–0.123 0.124 0.104–0.144
36 0.187 0.175–0.199 0.215 0.198–0.232

60 0.163 0.148–0.178 0.187 0.165–0.209

XGBoost 12 0.095 0.079–0.111 0.139 0.115–0.162
36 0.173 0.160–0.186 0.234 0.211–0.257

60 0.154 0.139–0.169 0.199 0.174–0.223

Abbreviations: AUC, area under the curve; CI, confidence interval; Coxph, Cox Proportional 
Hazards; LightGBM, Light Gradient Boosting Machine; RSF, Random Survival Forests; XGBoost, 
eXtreme Gradient Boosting.
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study found that Ridge regression showed favorable performance in the diagnostic model, while the RSF model 
demonstrated relatively better overall performance in the prognostic model.

With the rapid development of artificial intelligence technology, ML is being applied more and more in the medical 
field. Zhou et al used six ML models to predict the recurrence of OC and it was found that ML algorithms outperformed 
traditional logistic regression analysis, and XGBoost demonstrated the best performance in predicting the recurrence of 
OC, with an accuracy rate of 0.95.16 Feng et al established a diagnostic model for OC and found that the AUC curve of 
the diagnostic model reached 0.948, at the same time, its diagnostic efficiency is significantly superior to the traditional 
method of detecting CA125 alone.17 A SEER-based study has found that the RSF performs better in predicting the 
1-year, 3-year, and 5-year survival rates of epithelial ovarian cancer, with the AUC of the 1-year, 3-year, and 5-year 
survival rates being 0.926, 0.748, and 0.836 respectively.18 The RSF algorithm is a popular integrated ML tool, which is 
widely applied to clinical decision support and prognosis prediction tasks.19,20 In this study, RSF also demonstrated the 
relatively favorable predictive performance among the five ML models. The model has a high predictive value, providing 
clinicians with more accurate predictions to inform clinical decisions.

In this study, the incidence of liver metastasis in patients with OC was 3.89%. Yuan et al analyzed the SEER data of 
OC patients from 2010 to 2014 and found that 3.61% of OC patients had liver metastasis.11 Another study based on the 
SEER database identified 1,744 patients with liver metastasis of ovarian cancer from 2010 to 2016, accounting for 6.7% 

Figure 6 The time-dependent Brier score of prognostic models based on machine learning. (A) Training cohort. (B) Validation cohort.

Figure 7 Feature importance ranking. (A) Ridge regression. (B) Random Survival Forest.
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Table 6 Comparison of Patient Characteristics According to Chemotherapy Before and After Propensity Score Matching

Characteristics Unmatched Cohort Propensity Score Matched Cohort

Chemotherapy 
N=108

No-Chemotherapy Not Given 
N=945

P Chemotherapy 
N=104

No-Chemotherapy 
N=104

P

Age, Mean, SD 58.82 (10.90) 59.22(11.52) 0.716 56.94(11.38) 59.37(10.92) 0.119
Histological type (n%) 0.001 0.636

Serous 675 (71.43) 57(52.78) 47(45.19) 55(52.88)

Endometrioid 35 (3.70) 9(8.33) 7(6.73) 9(8.65)
Clear cell 27 (2.86) 3(2.78) 6(5.77) 3(2.88)

Mucinous 18 (1.90) 5(4.63) 4(3.85) 4(3.85)

Other 190 (20.11) 34(31.48) 40(38.46) 33(31.73)
Grade (n%) <0.001 0.107

I 26(2.75) 11(10.19) 3(2.88) 7(6.73)

II 70(7.41) 9(8.33) 20(19.23) 9(8.65)
III 415(43.92) 51(47.22) 48(46.15) 51(49.04)

IV 434(45.93) 37(34.26) 33(31.73) 37(35.58)

Surgery (n%) 0.020 0.477
No 86(9.10) 18(16.67) 22(21.15) 17(16.35)

Yes 859(90.90) 90(83.33) 82(78.85) 87(83.65)

Radiotherapy (n%) 0.796 1.000
No/Unknown 919(97.25) 104(96.30) 101(97.12) 100(96.15)

Yes 26(2.75) 4(3.70) 3(2.88) 4(3.85)

Abbreviation: SD, standard deviation.

Table 7 Comparison of Patient Characteristics According to Surgery Treatment Before and After 
Propensity Score Matching

Characteristics Unmatched Cohort Propensity Score Matched Cohort

Surgery No-Surgery P Surgery No-Surgery P

Age, Mean, SD 61.38 (11.06) 61.38 (11.06) 0.013 58.16 (10.70) 61.07 (11.12) 0.066

Histological type (n%) <0.001 0.515

Serous 690(72.71) 42(40.38) 40(41.67) 42(43.75)
Endometrioid 41(4.32) 3(2.88) 4(4.17) 3(3.12)

Clear cell 30(3.16) 0(0.00) 0(0.00) 0(0.00)

Mucinous 20(2.11) 3(2.88) 6(6.25) 2(2.08)
Other 168(17.70) 56(53.85) 46(47.92) 49(51.04)

Grade (n%) 0.151 0.312

I 33(3.48) 4(3.85) 6(6.25) 3(3.12)
II 67(7.06) 12(11.54) 12(12.50) 7(7.29)

III 415(43.73) 51(49.04) 50(52.08) 49(51.04)

IV 434(45.73) 37(35.58) 28(29.17) 37(38.54)
Chemotherapy (n%) 0.020 0.444

No/Unknown 90(9.48) 18(17.31) 19(19.79) 14(14.58)
Yes 859(90.52) 86(82.69) 77(80.21) 82(85.42)

Radiotherapy (n%) 0.340 0.745

No/Unknown 924(97.37) 99(95.19) 90(93.75) 92(95.83)
Yes 25(2.63) 5(4.81) 6(6.25) 4(4.17)

Abbreviation: SD, standard deviation.
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of all OC patients.10 In another study, it was found that 5.67% of OC patients had liver metastasis.21 The occurrence of 
the above situation may be related to the inclusion and exclusion criteria.

In this study, the Boruta algorithm was used to screen out eight factors related to liver metastasis at diagnosis, 
including histological type, stage T, grade, age, stage N, CA125, laterality, and race. According to the importance order 
of the SHAP diagram, the features with prominent contributions were stage T, stage N, histological type, and grade. The 
study showed that the increase in the stage T and stage N of malignant tumors indicated an increase in tumor volume, as 
well as an expansion in the extent of involvement of adjacent tissues and lymph nodes, which was indicative of the 
further progression of malignant tumors.22 The stage T and stage N were found to be associated with liver metastasis in 
patients with various cancers. In patients with primary epithelial ovarian cancer, the stage T and stage N were also found 

Table 8 Comparison of Patient Characteristics According to Radiotherapy Before and After Propensity Score 
Matching

Characteristics Unmatched Cohort Propensity Score Matched Cohort

Radiotherapy No-Radiotherapy P Radiotherapy No-Radiotherapy P

Age, Mean, SD 51.97(15.46) 59.06(10.75) <0.001 51.97 (15.46) 52.71 (13.54) 0.802
Histological type (n%) 0.002 0.987

Serous 11(36.67) 721(70.48) 11(36.67) 36(40.00)

Endometrioid 2(6.67) 42(4.11) 2(6.67) 5(5.56)
Clear cell 1(3.33) 29(2.83) 1(3.33) 3(3.33)

Mucinous 2(6.67) 21(2.05) 2(6.67) 8(8.89)

Other 14(46.67) 210(20.53) 14(46.67) 38(42.22)
Grade (n%) 0.017 0.978

I 0(0.00) 37(3.62) 0(0.00) 0(0.00)

II 3(10.00) 76(7.43) 3(10.00) 8(8.89)
III 21(70.00) 445(43.50) 21(70.00) 63(70.00)

IV 6(20.00) 465(45.45) 6(20.00) 19(21.11)

Surgery (n%) 0.340 1.000
No 5(16.67) 99(9.68) 5(16.67) 14(15.56)

Yes 25(83.33) 924(90.32) 25(83.33) 76(84.44)

Chemotherapy (n%) 0.796 0.317
No/Unknown 4(13.33) 104(10.17) 4(13.33) 5(5.56)

Yes 26(86.67) 919(89.83) 26(86.67) 85(94.44)

Abbreviation: SD, standard deviation.

Figure 8 Kaplan-Meier (K-M) survival analysis after propensity score matching. (A) OS of patients with different surgical treatment; (B) OS of patients with/without 
chemotherapy; (C) OS of patients with/without radiotherapy. 
Abbreviation: OS, overall survival.
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to be associated with the occurrence of liver metastasis.23 It was found that the stage T, and stage N were risk factors for 
liver metastasis in gallbladder cancer patients.24 The main histological types of ovarian cancer include serous carcinoma, 
endometrioid carcinoma, clear cell carcinoma, mucinous carcinoma, etc.25 High-grade serous carcinoma is the most 
common type of ovarian cancer, usually with a high degree of invasiveness and metastatic potential, and it is more likely 
to develop liver metastasis.26,27 The grade of tumors is usually determined based on the degree of differentiation of tumor 
cells. High-grade ovarian cancer often has a higher frequency of gene mutations and more complex genomic 
alterations.28,29 These alterations may enable cancer cells to acquire stronger abilities of migration, invasion, and 
angiogenesis, thus promoting the occurrence of liver metastasis.30 Besides, it was found that chemotherapy was the 
most crucial factor for the 12-month OS of OC patients with liver metastasis. For OC patients with liver metastasis, 
chemotherapy is one of the important treatment methods.31 By using chemotherapy drugs, such as cisplatin, it can 
effectively kill cancer cells, control tumor growth, and prolong the survival period of OC patients with liver metastasis.32 

In this study, surgery was associated with improved OS. Multiple studies have found that surgery is beneficial for the 
survival of OC patients.33,34 However, in this study, radiotherapy was associated with OS, which may be related to the 
small sample size of patients who received radiotherapy.

Our study has several limitations. First, it is important to clarify that our diagnostic model addresses the presence of 
liver metastasis at the time of initial diagnosis, not the future development of liver metastasis. Second, the SEER database 
only includes cancer information from the U.S. population, which inevitably introduces selection bias. Data from other 
countries are needed to validate the generalizability of our findings. Third, the SEER database lacks detailed information 
on certain clinical variables, including routine blood parameters (eg., white blood cell count, red blood cell distribution 
width) and comorbidities. Moreover, the granularity of available variables is limited., which may affect the feature 
importance and predictive performance of our model, Future studies with more rigorous temporal ordering of predictors. 
Fourth, due to the absence of key biological data (such as biomarkers, genetic or molecular profiles), we could not fully 
account for underlying biological mechanisms that might influence the outcomes. Fifth, as a retrospective study, our 
analysis is subject to inherent biases, including information bias and unmeasured confounding. Prospective studies with 
more comprehensive data collection and randomized designs are needed to confirm our results. Finally, we acknowledge 
that the clinical utility of our models is currently limited by the lack of external validation and the modest predictive 
performance observed in the validation cohort.

Conclusion
Histological type, stage T, grade, age, stage N, CA125, laterality, and race were associated with liver metastasis at 
diagnosis in OC patients. Meanwhile, marital status, grade, age, bone metastasis, lung metastasis, radiotherapy, surgery, 
chemotherapy, and histological type were associated with OS in OC patients with liver metastasis at diagnosis. The Ridge 
regression and RSF had favorable predictive performance in the diagnostic and prognostic models, respectively, 
compared with the other tested models. These findings may provide supportive evidence to assist clinicians in identifying 
OC patients at risk of liver metastasis at diagnosis and facilitate individualized clinical decision-making.
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